Frequent Pattern Mining

- Mining Association Rules
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o #F % 4% 7% (Frequent patterns): patterns (set of items,
sequence, etc.) e T AL B @ A5 A1 IR ek 545
(pattern:3& p & ~ "8 & &) [AIS93]

o AF AR IS e R B A R Y chl i (regularities)

— What products were often purchased together? — Beer and
diapers?!

— What are the subsequent purchases after buying a PC?
— What kinds of DNA are sensitive to this new drug?
— Can we automatically classify web documents?

F.P.M. : frequent pattern mining /3
Ming-Yen Lin, IECS.FCU

F.P.M. ¥ _data miningengk & 7 5o /1

e ¥ % data mining task £k #_
— Association rules, correlation, causality
— sequential patterns, temporal/cyclic association, partial
periodicity
— spatial and multimedia patterns
— associative classification
— cluster analysis
— iceberg cube, ...
o Bt
- M BT
- 2R A4
- AR
- FHFEE LT

. N .
Ming-Yer Li rwggs!g&(cllck stream)~ 47, DNA sequence analysis, ...
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AApiopSnp &

support )

o 11 P B Itemset X={x,, ...
- ] : {AC} {BEF} {CE}

o 78 B B chi 3B (support)
—-s(A)=3/4

o HEHIm P E: B A ) A FEA (mS.: minimum

I8 B &

Xy}

‘ Pattern = set of items

o WD R AR erg G R RS
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10 A/B,C
20 A C
30 A, D
40 B,EF

s

AL R B LR

)
O .« 1 5345 ] et 5P S
10 A /B, C . 54 SRS
. = R SRR d
30 A, D "7 E“}é@/ﬁﬂ BR R
40 B.E,F B el %
- 4 & confidence, ¢, # %
Customer Customer 5ok @ /g\ X2k
uys both buys diaper P g ¢ 7 YeiE it s
- A ¥R support, s, % % % #
5 XUY e &
* m.s. =50%, m.c. =50%
Customer - A> C (50%, 66.7%)
buys beer
— C > A (50%, 100%)
m.s.: minimum support & -]- £ ¥ & / 6
Ming-Yen Lin, IECS.F Mp-C minimum confidence /|- % ¥ &

B E ] (6])

)
A 0
Transaction-id Items bought M!n. Sup?_()l’t °0% 0
- AB.C Min. confidence 50%
20 A C Frequent pattern Support
30 A,D {A} 75%
40 B,E,F {B} 50%
{C} 50%
{A, C} 50%
rule A = C:

support = support({A}{C}) = 50%
confidence = support({A}{C})/support({A}) =

66.6%

Ming-Yen Lin, IECS.FCU

e

i B35 AL ] e

o #4k;\ e (boolean ) ¥ ## X ¢ (quantitative )
— buys(x, “SQLServer”) ~ buys(x, “DMBook”) = buys(x,
“DM Software”) [0.2%, 60%]
— age(x, “30..39”) ~ income(x, “42..48K”) - buys(x, “PC”)
[1%, 75%]
o H - ‘@& (single dimension)& % ‘& & (multiple
dimensional)
o H - K =x(single level)¥ $ & =t (multiple-level)
— What brands of beers are associated with what brands of
diapers?

o

s

Ming-Yen Lin, IECS.FCU
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 Correlation, causality analysis & mining
interesting rules

» Maxpatterns and frequent closed itemsets

[

 Constraint-based mining

Sequential patterns
Association-based classification

Computing iceberg cubes

s

Ming-Yen Lin, IECS.FCU

BE B N el jp) 3 2

Apriori = ;2 &2 H it~ szig

-3 A4 TiEH ) hiEh s 2

B % #k 7% (max-patterns) 2 34 Bk 7\ (closed -
patterns)

— et om

AR~ R IERERSN

F % #& 42 & (Interestingness): correlation and
causality

1o

Ming-Yen Lin, IECS.FCU

_ Apriori: Candidate Generation-and-test

c A2 TREX ) B
-d LR (K =T §:EE  (frequentitemset) 2 4 £ B
(k+1) e T g8 # 1 (Candidate itemset)
- ST EEE L FR > RARELTE A frequent
e T e R H3 8 & 7 ¥ frequent
— # ¢ anti-monotone
— ¢ 7 {beer, diaper, nuts}=2 % & % ¢ 7 {beer, diaper}
— % {beer, diaper, nuts} frequent > {beer, diaper}- =_
frequent

&

- - non-frequent 58 P £ 2_superset}? j")j‘}” i AR
#)
_'a,u'z;fikullf;‘irf"z N e s n

Ming-Yen Lin, IECS.FCU

Apriori = £ F b

N
T2
i A 2 I—1 {A} 2
Tid Items C, (B} 3 o Z
0 .C,
;o gcg 1%t scan 9 1 © 3
L {D} 1 © 3
30 |ABCE € 3
40 B E
c. T Qﬁ@m;§
L LS s [
E@' g ; L AEr | 1 {A.C}
{B’ E} 3 {B,C} 2 {A, E}
{c' E} 2 {B, E} 3 {B,C}
' {CEy |2 (B, E}
{C, E}

C3 M}—S Itemset  sup
(B, C,E} {B.CE}| 2 |

sup rzcount# ot 0 R 11 %% 7

JlZ
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Apriori i# & 2 fm &

L, = {frequent items}; k=1 ;
— IfL, =Y stop;
Cor=d L 22,

Lﬁ?ﬂEDﬂi—%Q%tﬁﬁ

2z

3 @ At Cyy ¢ ¢ candidate s iR i
(support count) “c -

Liry = Cyiq 2 candidatei® & s | & ¥ ¥

Apriori B 4 & |

= SR |

— Step 1: self-joining L, (L, p =)
— Step 2: pruning ('3 # ¥ & )

» ] : L;={abc, abd, acd, ace, bcd} iz & £ 4+
— Self-joining: L3*L,

-~ R « abcd ¢ 4 abc and abd
(minimum support) » acde : 4 acd and ace
o lf,:,il: +1L o — Pruning:
‘5 7 km/ ’ o . p
; * acde:%lade # & L
e L.:~ ] % ke frequent itemset 4 7l -
e Cg* ] % k shcandidate itemset » C,={abcd}
Jl3 /14
Ming-Yen Lin, IECS.FCU Ming-Yen Lin, IECS.FCU
- - B 2 ,:/: : _,\ “-" r / )
Apriorl i &&= =0 I B p| 3 JE el B
o [
o #r% & 3 3t t ¢ candidatesicountte — ;g Challenges (~ i&{Apriori RREE M zrh
’L-l- V}?K ? ’ )
— candidatesd B #ic s v
- LB t¢ & 3z 21— B candidate ° }_%K’p«#iﬁ.%ﬁﬁﬁ)ﬁ&"‘ g
o gk | Transaction: 12356 | L
— 44 % candidate (+ & " hash tree | 1) 7 — By R
— 994 T aAk te 7 ehcandidate o 4e 12 p[E ‘ . , i ,
” \ 2 « candidates /# #ic:B £_+ %
125 17T >T3us1[356] /387 * #x candidate support * Ji'R
—————— !
’ [12+356]- 5 689 BRCPATEE St

257 125] [159
458 : s
—J:candidate

Ming-Yen Lin, IECS.FCU
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2010 > 4
His 3%

o Aprioricnz 2
- DIC
— DHP
— Partition
— Sampling

« % A 2 candidate » B &5 AR £ 43
— FP-Growth, H-mine

e ¥ P (FTHREME »E3)
— Eclat/MaxEclat ,VIPER

Ming-Yen Lin, IECS.FCU

ey

Association Rules 4.5 i+ : : Pane Graph

Yiew Wedow Optons Helo =lai=

For Help. pross

1
Ming-Yen Lin, IECS.FCU

_Association Rules 44 i+ : Rule Graph

£ DRMiner Entireprise - [#1- Associnion
&l Dle  Mng  Assocckr Wiew Wedow Dpbons  Help
Bl&| @] ] alz] 2

e e e S

Ml E3atus = W]

For Help., press F1

Ming-Yen Lin, IECS.FCU

B =~ & ;¥ Max-patterns

 Frequent pattern {a,, ..., a;50} > (%)) + (1%,)
+ ..+ (1Y) = 2100-1 = 1.27*10%° frequent sub-
patterns!

o %~ & ;% Max-pattern: ;25 " E  (proper)
super pattern:tk 3¢ (PS: frequent)

— BCDE, ACD are max-patterns

o

— BCD is not a max-pattern Tid |ltems
10 |AB,CD,E
_ 20 |B,C,D\E,
m.s.=2 30 |ACDF

20
Ming-Yen Lin, IECS.FCU




3 B 4 7% (Frequent Closed Patterns)

* Conf(ac>d)=100% =» » X 4 acd ij.%iz:»
o ¥ E - BHEHIE P F X, %{r’ﬁ:,;;* P y
gANTHEA TEx- Be 3 erhz%’a» &7
y oo RIXFHE - BEFRS
“acd” is a frequent closed pattern
c RN - BHGE TS
e b, o TID Items
* F‘? it *’ii\ﬁ%ﬂljml@;g{ 10 |a,c,d,ef
20 |a,b,e
30 |cef
40 |a,c,d,f
50 |c,ef J21

Ming-Yen Lin, IECS.FCU

5 & =t Association Rules

c PN EMEEYE
* 3 Tsupport & £ s {1 K = 4 SUDPOTUE 7
[

o lﬁf‘i)ﬁ"t’@«kﬁz—%;
A N

R 0 h

uniform support
e MiTk
min_stlp = 5% [support = 10%]

reduced support

Level 1
min_sup = 5%

7777777777777777777777777

| Skim Milk & Level 2
[support = 4%] min_sup = 3%

Level 2 2% Milk
min_sup =5% | [support = 6%]

e

Ming-Yen Lin, IECS.FCU

% 4 2 Association

¥ - @a (dimension) p|
buys(X, “milk™) = buys(X, “bread”)
. BRI >2MAE &Mt (predicate)

— & p (Inter-dimension) assoc. rules (no repeated predicates)

age(X,”19-25") A occupation(X,“student”) = buys(X,“coke™)
— hybrid-dimension assoc. rules (repeated predicates)

age(X,”19-25”) A buys(X, “popcorn”) = buys(X, “coke”)

% w] 4 1+ (Categorical Attributes)
— finite number of possible values, no ordering among values
# & &1+ (Quantitative Attributes)

— numeric, implicit ordering among values

s

Ming-Yen Lin, IECS.FCU

Distance-based Association Rules

fn
« Binning # & 7 # 17 @ % B 74 3 & (Semantic)
Equi-width | Equi-depth Distance-
Price($) | (width $10) (depth 2) based
7 [0,10] [7,20] [7.7]
20 [11,20] [22,50] [20,22]
22 [21,30] [51,53] [50,53]
50 [31,40]
51 [41,50]
53 [51,60]

o WEEHE L A A E
— density/number of points in an interval

— “closeness” of points in an interval

Ming-Yen Lin, IECS.FCU

B34 i (discretization) 3 &
3] { BEHLAT I ( )5

o




7 & & 42 A& Interestingness Measure: Correlations

* play basketball = eat cereal [40%, 66.7%)] %3 |

— The overall percentage of students eating cereal is 75% which is higher
than 66.7%.

« play basketball => not eat cereal [20%, 33.3%] { #F &, & 7%
support and confidence #i %
o REARMEAPME E0if

Basketball | Not basketball Sum (row)
P(AUB)
AB e —— Cereal 2000 1750 3750
P(A) P( B) Not cereal | 1000 250 1250
Sum(col.) | 3000 2000 5000 )
25

Ming-Yen Lin, IECS.FCU

18 A 3T i 12 5 i R AR 5V )

 Finding all the patterns in a database
autonomously? — unrealistic!
— The patterns could be too many but not focused!

 Data mining should be an interactive process
— User directs what to be mined using a data mining query
language (or a graphical user interface)
« Constraint-based mining
— User flexibility: provides constraints on what to be mined

— System optimization: explores such constraints for efficient
mining—constraint-based mining

e

Ming-Yen Lin, IECS.FCU

LexMiner
e Ming-Yen Lin and Suh-Yin Lee,

o

Proceedings of the ICDCS Workshop on
Knowledge Discovery and Data Mining in the
World-Wide Web (ICDCS00), Taipei, Taiwan,
R.O.C., pp. F7-F14, 2000.

o

Ming-Yen Lin, IECS.FCU

APriort use rasri 1 ree o Storeu

Candidates

Excess Comparison, Eg. T, = {1, 2, 3, 4, 5, 6}

Duplicate Counting Avoidance, Eg. T, = {1, 3, 4, 200, 401,
403}

» Large Storage Requirement

» High Splitting Cost

m: interior
B : leaf

d=1 root —>L|/H‘

3 : empty leaf
@234) N il

o (235) \
(1,2,83) (1.3.4) (198,201,203&
(1,2,95) (1,39) (198,400,555)
(1,2,96) (1,401,403) )

(200,401,403) hash function = x MOD 199, )

(200,401,555) | size of each leaf = 5, d = depth 28

Ming-Yen Lin, IECS.FCU




LexTree: Lexicographically Ordered Tree

* Intrinsic Property: Lexicographic Order
— Items in each transaction, eg. {7, 11, 20, 29, 37}
— k-itemsets, eg. (1, 3,4) < (1, 3, 10) < (1, 4, 10)
 Storing itemsets: by lexicographic order
» LexTree: compact, hierarchical tree

— candidate LexTree: efficient, redundant-free
support counting

— frequent LexTree: effective candidate generation
» LexMiner Algorithm

LexTree Structure

Item_ID Item_ID

Internal node: Leaf node:

next ‘ sibling support‘ sibling

%r@»ww\

# support =N nullllnk

(1,3, 4), (1,3, 10), (1, 3, 11), (1, 4, 10), (1, 4, 11), (1, 4, 15), (1, 10, 15), (3, 4, 7),
(3,4, 10), (3, 4, 11), 3, 7, 11), (3, 7, 20), (3, 11, 20), (4, 7, 10), (4, 10, 15), (7, 11, 20)

s o
Ming-Yen Lin, IECS.FCU Ming-Yen Lin, IECS.FCU
LexTree Construction LexTree Construction (Cont.)
D fan
(1) Insert candidate (1, 3, 4) (2) Insert candidate (1, 3, 10) g}) Insert candidate (1, 10, 15) after (1, 4, 11), (1, 4, 15) inserted
Root\ ROOI\‘ 00T—0y,
:::;;
g -:-:-:-:
Last[2]
Last[3]
3) 1 didate (1, 3, 11 4) 1 didate (1, 4, 10
(3) Insert candidate ( 11)  (4) Fr;(s)t(e)rttﬁ idate ( 10) (6) Insert candidate (3, 4, 7)
Root—_
Last[1]
Last[2]
Last[3]
Insert candidates (1, 3, 4), (1, 3,10), (1, 3,11), (1,4, 10) /31 J32

Ming-Yen Lin, IECS.FCU

Ming-Yen Lin, IECS.FCU




Notations

D : The database of transactions

T Atransaction, T={X;, X, «.., Xp, -y X}

X1s Xgy ovy X1 1tEMS

* minsup : The minimum support specified by the user
o X:k-itemset, X=(Xq, X5, ..., X)

» X.support : The support of itemset X

» C,: The set of candidate k-itemsets

e L,: The set of frequent k-itemsets

. F : The candidate k-itemset LexTree
. The frequent k-itemset LexTree

Algorithm LexMiner

Find L, Build frequent I, , from L,

)

N @ Generate C, from I,
|
Y
Find L,

Store C, in candidate I"¢,

!

[VTeD, Find_and_increment(T , I“Ck)}
|

L={X e C,| X.support > minsup}

k++

J&’S /34
Ming-Yen Lin, IECS.FCU S.FCU
- Algorithm Find_and_Increment _Example 1: #Comparison Minimized
Internal node < | P advanced | Find_and_Increment(tp, cp) O At pass 3, T,={7, 11, 20, 29, 37}
Intrinsically ordered 3-itemsets in T,
|terr;[tp Find_and_Increment(tp+1, cp.sibling) { 7,11} x {20, 29, 37} « [ (20’ 29, 37)
cp..ID Find_and_Increment(tp+1, cp.next) { 7,20} x {29, 37} x 20 x (29, 37)
/ { 7,29} x {37} x 29 x (37)
> cp advanced — Find_and_Increment(tp, cp) {11, 20} x {29, 37} 11 x 20 x (29, 37)
@ {11, 29} x {37} x 29 x (37)
advance 1o {20, 29} x {37} 20 x 29 x (37)
cp.support++ —fAdvance tp and cp——
advance cp
while (not end_of_list) and (cp = null) /j35 Candidate 3-itemset LexTree, I” Cs

Ming-Yen Lin, IECS.FCU

Ming-Yen Lin, IECS.FCU




Example 2: Fast Support Counting

U Atpass 3, T,={3,4,7,10, 11} . 3 x4 x(7,011)
Intrinsically ordered .. x7 x(10,11)
3-itemsets in T, - ox10x(11)

4 X7 %(10,11)
- x10x(11) i
7 x10x (11) |

,,,,,,,,,,,,,,,,,,

Candidate 3-itemset LexTree, I'c,

Ming-Yen Lin, IECS.FCU

Efficient Candidate Generation

« Common prefixed L, : linked by sibling
e Join: C, =L, ,xL,,,then

insert into C,

select p[1], p[2], ..., p[k-1], q[k-1]

fromL _,p, L q

where p[1]=q[1], ..., p[k-2] = q[k-2], p[k-1] < q[k-1] ;
» Prune: candidate itemset having any

subset that is not in 17, |

— Searching in r7,_ : similar technique for
find_and_increment s

Ming-Yen Lin, IECS.FCU

FP-growth

o

e J. Han, J. Pei, and Y. Yin: “Mining frequent
patterns without candidate generation ”, In Proc.
ACM-SIGMOD’2000, pp. 1-12, Dallas, TX,
May 2000.

e Compress DB into a tree (FP-tree)
e Find frequent itemsets in FP-tree

g

Ming-Yen Lin, IECS.FCU

Construction of FP-tree from a Transaction Database

o

TID Items bought (ordered) frequent items
100 {f,a,c,d, g,i,m, p} {f,c,a, m, p}

200 {a,b,c,f, I, m 0} {f,c,a, b, m} min_support = 0.5
300 {b, f, h,j, o0, w} {f, b}
400  {b,c ks, p} {c. b, p}

500 {a,f,c,el p,mn} {f, c,’a, m, p}

) Header Table
1. Scan DB once, find
frequent 1-itemset Item frequency head
(single item pattern) f 4 —
. . |c 4 -
2. Order frequent items in | 5 3 _
frequency descending |p 3 _Z
order m 3 -
\
3. Scan DB again, P 3 .
\

construct FP-tree

Ming-Yen Lin, IECS.FCU




Mining Frequent Patterns with FP-trees

e ldea: Frequent pattern growth
— Recursively grow frequent patterns by pattern and database
partition
e Method

— For each frequent item, construct its conditional pattern-
base, and then its conditional FP-tree

— Repeat the process on each newly created conditional FP-
tree

— Until the resulting FP-tree is empty, or it contains only one

path —single path will generate all the combinations of its
sub-paths, each of which is a frequent pattern

n

Ming-Yen Lin, IECS.FCU

From FP-tree to Conditional Pattern-Base

= Starting at the frequent item header table in the FP-tree

e Traverse the FP-tree by following the link of each frequent
item p

e Accumulate all of transformed prefix paths of item p to
form p § conditional pattern base

Header Table Conditional pattern bases
Item frequency head item cond. pattern base
f 4 - - - - c f:3
c 4 - : : :
a 3 - a fc:3
b g - b fca:1, f:1, c:1
m ™ - -
P 3 . m fca:2, fcab:1
\ p fcam:2, cb:1

e

Ming-Yen Lin, IECS.FCU

~  Transformed Prefix Paths

e Derive the transformed prefix paths of item p

— For each item p in the tree, collect p’s prefix path with
count = p’s frequency

— Why only prefix path? Why this count? Complete?

Header Table

) Conditional pattern bases
Iftem freiuency hea_d__ //")f'4 7 C'Il item  cond. pattern base
c 4 1 : b:1 c f:3
a 3 a fc:3
Pn g b fca:1,f:1,c:1
p 3 m fca:2, fcab:1

p fcam:2 cb:1

s

Ming-Yen Lin, IECS.FCU

. From Conditional Pattern-Bases to Conditional FP-trees

e For each pattern-base
— Accumulate the count for each item in the base

— Construct the FP-tree for the frequent items of the pattern
base

m-conditional pattern base:

Header Table fca:2, fcab:1
Item frequency head . All frequent
f 2 - o patterns relate to m
c __ .

; m
a 3 = I -> ! ‘
b 3 - | 3 =» fm, cm, am,
m 3 R | | fcm, fam, cam,
p 3 N C:|3 fcam

a:3
m-conditional FP-tree )44

Ming-Yen Lin, IECS.FCU




Recursion: Mining Each Conditional FP-tree Until ...

0
{3 Cond. pattern base of “am”: (fc:3) f1|3
f_|3 c:3
| am-conditional FP-tree
c:3 {3
'3 Cond. pattern base of “cm”: (f:3) |
a: .
m-conditional FP-tree f:3

cm-conditional FP-tree

{I}
f:3

cam-conditional FP-tree

Cond. pattern base of “cam”: (f:3)

s

Ming-Yen Lin, IECS.FCU

A Special Case: Single FP-tree Path

e Suppose a (conditional) FP-tree T has a single path P

e The complete set of frequent patterns of T can be generated by
enumeration of all the combinations of the sub-paths of P

{I} All frequent patterns
concerning m
f.|3 m,
c:3 > fm, cm, am,
' fcm, fam, cam,
a:3
fcam

m-conditional FP-tree

oz

Ming-Yen Lin, IECS.FCU

. A More General (Special) Case: Single Prefix Path in FP-tree

e Suppose a (conditional) FP-tree T has a shared single
prefix-path P

e Mining can be decomposed into two parts

o — Reduction of the single prefix path into one node
| — Concatenation of the mining results of the two parts
a;:n,
|
a,:n,
|

N 0 "

b C,:k a;:n; /\
-, 1-%7 S5 rn = | + b,:m, Crk,
N\ a,:n, N\

Co'k Cs'ks a5:N, Cyk, Cyky /47

Ming-Yen Lin, IECS.FCU

Btk 7% (sequential patterns )

s % PR (transaction databases), F A 7 2 (time-series
databases) £ & 7| L 2 (sequence databases)
MR % 5% (frequent patterns) £ 95 & % 3¢ (sequential patterns)
s WAk Applications of sequential pattern mining
- REE PR B

* First buy computer, then CD-ROM, and then digital camera, within 3
months.

- %5:1%/%@"3 , % ¢ (e.g., earthquakes), 45 ~ 1 242/, K L ¥
2L

— T EE B Y > Weblog click streams
— DNA sequences and gene structures

s

Ming-Yen Lin, IECS.FCU




W E) U A R S 2 R

- 3 5 7(sequence) - 45 11 ¥ frequent
subsequences (& & 71)

A sequerce : <|(ef) (ab)||(df) c|b|>
A sequence database

SID sequence An element may contain a set of items.

10 <a(abe)(ac)d(c)> Items within an element are unordered
= and we list them alphabetically.

20 <(ad)c(bc)(ae)>

30 <(ef)(ab)(df)cb> <a(bc)dc> is a subsequence

40 <eg(af)chc> of <a(abc)(ac)d(cf)>

Given support threshold min_sup =2, <(ab)c> is a
sequential pattern e
Ming-Yen Lin, IECS.FCU

U P AR 34 R en L P B 7
c SEFONFOR R T i i A RN B s

FRAT R
 FRHEE S
— 35 41915 s & minimum support (frequency)
threshold s34k ;¢
_gg¢$§ﬁ$§?%iﬁ,ﬁ&§ﬁgﬁﬁ
=< ﬁﬁ;

= BB “T4 Tshconstraints #

Ming-Yen Lin, IECS.FCU

o

Sequential Patterns £k ~ 34 : Apriori

o # 4 Apriori (Agrawal & Sirkant’94)
— If a sequence S is not frequent
— then none of the super-sequences of S is frequent
— B4, <hb> infrequent - <hab> and <(ah)b> » infrequent

Seq. ID Sequence Given support threshold
10 <(bd)ch(ac)> min_sup =2
20 <(bf)(ce)b(fg)>
30 <(ah)(bfabf>
40 <(be)(ce)d>
50 <a(bd)bch(ade)>

e

Ming-Yen Lin, IECS.FCU

GSP & & = W &

L, = {frequent sequence of length 1}; k=1,
— IfL, =Y stop;
Ck+1 =d Lk/,g.i'l ;
£§%?F%Fiz%. D¢ &*- B35 tH{7

¢ 3t tens Cuy® e candidates e
(support count) 4c -
Lty = Cyuq 2 candidateis &b & ¥
(minimum support)
— k=k+1;
B Lemg
* L.~ ] 5 k< frequent sequence
* C. =~ -] % k scandidate sequence

Ming-Yen Lin, IECS.FCU
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5 Length-1£0 Sequential Patterns

* Initial candidates: all singleton sequences
- <a>, <b>, <c>, <d>, <e>, <f>, <g>, <h>
» Scan database once, count support for

candidates Cand | Sup
<a> 3
min_sup =2 <b> 5
Seq. ID Sequence <c> 4
20 | <onenin |
< ce)b(fg)>
30 <(ah)(bf)abf> <e> | 3
40 <(be)(ce)d> <f> 2
50 <a(bd)bcb(ade)> 1
1

es
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# 24 Length-2 Candidates

<a> <b> <c> <d> <e> <f>
51 Iength-z <a> <aa> <ab> <ac> <ad> <ae> <af>
Candidates <b> | <ba> | <bb> | <bc> | <bd> | <be> | <bf>

<c> <ca> <ch> <cc> <cd> <ce> <cf>

<d> <da> <db> <dc> <dd> <de> <df>

<e> <ea> <eb> <ec> <ed> <ee> <ef>

<f> <fa> <fb> <fc> <fd> <fe> <ff>

<a> | <b> | < <d> e | <™ 1 Without Apriori
<a> <(ab)> | <(ac)> <(ad)> <(ae)> | <(af)> property
<b> <(bc)> | <(bd)> | <(be)> | <(bf)> 8*8+8*7,/2=92
<c> <(cd)> <(ce)> | <(cf)> .
e <o | <@ candlc.iate-s
<e> <(ef)> Apriori prunes
<f> 44.57% candidates 54
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35 Length-2 Sequential Patterns

 Scan database one more time, collect support

count for each length-2 candidate

» There are 19 length-2 candidates which pass

the minimum support threshold

— They are length-2 sequential patterns

es
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A 24 & #5 11 Length-2 Candidates

o

-
— length-2 sequential patterns p < (Self-join)
 Based on the Apriori property

» <ab>, <aa> and <ba> are all length-2 sequential patterns
- <aba> is a length-3 candidate

* <(bd)>, <bb> and <db> are all length-2 sequential
patterns = <(bd)b> is a length-3 candidate

— 46 candidates are generated, prune the impossible
* 1% Length-3 Sequential Patterns

— Scan database once more, collect support counts for
candidates

— 19 out of 46 candidates pass support threshold

es
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The GSP Mining Process

5t scan: 1 cand. 1 length-5 seq.  <(bd)cba> Cand. cannot pass
pat. TS~ sup. threshold

4th scan: 8 cand. 6 length-4 seq.  <abba> <(bd)bc> ...
pat.

3'd scan: 46 cand. 19 length-3 seq. <abb> <aab> <aba> <b5;1> <bﬁ
pat. 20 cand. not in DB at all

2nd scan: 51 cand. 19 length-2 seq.
pat. 10 cand. not in DB at all

1st scan: 8 cand. 6 length-1 seq.
pat.

~_Cand. not in DB at all

v

<aa> <ab> ... <af> <ba> <bb> ... <ff> <(ab)> ... <(ef)>

<a> <b> <c> <d> <e> <f> <g> <h>

Seg. ID Sequence
min_sup =2 10 <(bd)cb(ac)>
20 <(bf)(ce)b(fg)>
30 <(ah)(bf)abf>
40 <(be)(ce)d>
50 <a(bd)bcb(ade)> /57
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GSP¥3 %

» candidates i #&~ %
— 1,000 frequent length-1 sequences: generate length-2

1000x1000 + M =1,499,500

o« RPIERE AL Bt 5

e ® I ¥e9 : mining long sequential patterns
— An exponential number of short candidates * ~ #%

— A length-100 sequential pattern needs 103

candidate sequences!
100 100
z( ] jzzloo _lz1030
iz |

e
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o 1R TR K & 2 Association-based classification

* lceberg cube computation

» Database compression by fascicles and frequent

patterns

* Mining sequential patterns (GSP, PrefixSpan, SPADE,
etc.)

» Mining partial periodicity, cyclic associations, etc.

» Mining frequent structures, trends, etc

e
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L e g A 1

» Multi-dimensional gradient analysis: patterns

regarding changes and differences

* Mining fault-tolerant associations

“3 out of 4 courses excellent” leads to A in data mining

 Fascicles and database compression by frequent
pattern mining

« Partial periodic patterns

* DNA sequence analysis and pattern classification

e
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Tools: Association Rule Mining

* Free
— ARTool, http://www.cs.umb.edu/~laur/ARtool/
— Apriori, http://fuzzy.cs.uni-
magdeburg.de/~borgelt/#Software
o Commercial

— IBM Intelligent Miner for Data,
http://www.software.ibm.com/data/intelli-mine/

— DBMiner 2.0, http://www.dbminer.com/
— clementine, http://www.spss.com/clementine/

e
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Apriori (1/2)

« apriori [options] infile outfile [appfile]
— infile: file to read transactions from
— outfile: file to write association rules
— appfile: file stating item appearances (optional)
* options:
-t# target type (s: item sets, r: rules (default), h: hyperedges)
-m# minimal number of items per set/rule/hyperedge (default:
1
-n#)maximal number of items per set/rule/hyperedge (default:
5
-St )minimal support of a set/rule/hyperedge (default: 10%)
-c# minimal confidence of a rule/hyperedge (default: 80%) 62
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Apriori (2/2) options
-b/f/r# blank characters, field and record separators

(default: "\, " \t*, "\n")

-0 use original definition of the support of a rule (body
& head)

-p# output format for support/confidence (default:
"%.1f%%")

-X extended support output (print both rule support types)
-a print absolute support (number of transactions)
-e# additional rule evaluation measure (default: none)

(# always means a number, a letter, or a string that
specifies the parameter of the option.) Yy
63

m
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Apriori Input Format

o text file (field and record separators and blanks)
— Record separators: lines
— field separators fields (or columns): words
— Blanks : fill fields (columns), e.g. to align them.

e Examples 55

1,4,5
2,34
1,2,3,4
2,3
1,24
4,5
1,2,3,4
34,5

1,2,3 )64

Ming-Yen Lin, IECS.FCU




Item Appearances File

item may appear only in rule bodies (antecedents):
— i in b body a ante antecedent

item may appear only in rule heads (consequents):
— o out h head ¢ cons consequent

item may appear in rule bodies (antecedents) or in rule heads
(consequents):

— io inout bh b&h ac a&c hoth

item may appear neither in rule bodies (antecedents) nor in rule
heads (consequents):

— n neither none ign ignore -

Example 1: Generate only rules with item "x" in the consequent.
in

X out %5
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Sample Command

* apriori test.tab‘test.rul
o apriori -b"(" -f, -r")" test2.tab test2.rul

‘ (0,1)(0,2)(0,3)(1,1)(1,4)(1,5)(2,2)(2,3)(2,4)(3.1)(3,2)(3,3)(3,4)(4.2)(4.3)... ‘

o apriori -f",.;:" -1 test3.tab test3.rul

* apriori testl.tab - 123
145
234
Example 2: Item "x" may appear only in a 1,234
rule head (consequent), 2:3
item "y" only in a rule body (antecedent); 124
appearance of all other items is not restricted. | | 45
both 1,2,3,4
X head 3:4:5
y body 12,3
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01
02
03
11
14
15
22
23
24
31
32
33
34
42
43
51
52
54
64
65
71
72
73
74
83
84
85
91
92
93

Z

o

Sample Output

3<-2 (70.0%, 85.7%)

2 <-3 (70.0%, 85.7%)

2 <-1 (60.0%, 83.3%)

4 <-5 (30.0%, 100.0%)
3<-21 (50.0%, 80.0%)
2<-31 (40.0%, 100.0%)

4 <-35 (10.0%, 100.0%)
4<-15 (10.0%, 100.0%)

2 <-341 (20.0%, 100.0%)

e
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Applications ¥ kg

s By gAair

o R [AH

¢ AR

o FHIFEH LT

« web log (click stream) 4 47
» DNA sequence analysis
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